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FaceShield - A Commercial Smartwatch
Application to Prevent Users from Face-touching
Abstract—The ongoing global pandemic caused by novel Covid-19

variant [4]. With the increased R0 (an estimate of the average

virus has infected 248 million and killed 5 million people so far

transmissibility in a completely na¨ıve population) in the new

worldwide. The scarcity of vaccines in different parts of the world has

variant, it is vital to reduce the amount of time a person

forced people to follow safety and precautionary measures. Even
where the vaccines are widely available, a significant number of
breakthrough cases have been reported recently. Touching the face
with an infected hand is one of the leading causes of spreading the
virus. Since face-touching is a compulsive behavior, it is hard to

contacts

highly

sensitive

and

transmissible

mucous

membranes in the face. Therefore, prevention of this oftenunconscious behavior is critical to stay safe and reduce the
spread of Covid-19 virus.

prevent them without a constant reminder. In this work, we present

Preventing the face touching activity is difficult because of

FaceShield application deployed on a commercial off-the-shelf

its habitual and unconscious tendency. However, the modern-

smartwatch to alert the user to prevent them from touching their

day smartwatch offers a pervasive and efficient solution to this

face. We discuss the challenges and their solutions related to limited

problem. By leveraging the embedded sensors and innate

resources, high variance in face-touching activities, battery longevity

processing power, smartwatches are capable of unobtrusive

and accuracy while deploying a Random Forest model on a
commercial smartwatch to detect the activity in real-time. We have
shown that FaceShield is a practical application that can be installed
and used on a resource-limited device like smartwatch without
significantly draining the battery.

monitoring of the user’s hand movements and can alert them
through vibratory and/or auditory method to make them
aware of this dangerous behavior, as they reach for their face.
Most often, modern smartwatches are equipped with
multimodal sensing suite, specifically accelerometer and

I. INTRODUCTION

gyroscope sensors that are highly sensitive in detecting hand

Face touching is a very common unconscious human activity.

movements. Additionally, the smartwatch technology offers

A recent study found that participants touched their faces an

the ability to store and process the sensory data locally and

average of 23 times per hour [1]. The same study revealed that

leverage them to make real-time inferences through machine

44% of those touches came in contact with mucous

learning (ML) algorithms. This eliminates the requirement of

membranes. The ongoing pandemic caused by Covid-19 virus

transporting data to any external device through Bluetooth/

has caused 248 million infected cases and 5 million deaths

Wi-Fi for complex processing. With the complete pipeline

worldwide [2]. It is primarily transmitted through mucous

implemented locally, it greatly reduces the latency in data

membranes in the mouth, nose, and eyes [3]. Frequent

processing and enables faster ML inferences. Fast inference of

touching of the face poses great risk for the spread and

ML models is critical to alert the user from touching their face

infection of Covid-19 virus. Additionally, without enough of the

before contact is actually made. This allows smartwatches to

population vaccinated, the newly mutated variants of the virus

function as an early warning to a user as they’re reaching up to

always pose a new threat. The latest mutations, the Omicron

touch their face. However, implementing a real-time

and Delta variant, is about twice as contagious as the original

application on a smartwatch presents several challenges.

Smartwatches come with limited battery capacity that requires

[6], medicine intake detection [7], and monitoring self-harming

to be charged daily. In addition, the limited central processing

activities [8]. Most of these works either use smartphone or a

unit speed and random-access memory (RAM) pose another

cloud-based infrastructure as a supplement resource to

challenge when deploying computationally expensive ML

transport data for the expensive computations. However, the

models directly on the watch. This creates a trade-off between

recent technological improvements in smartwatch technology

accuracy and efficiency, whether to sacrifice accuracy for a

allow commercially available smartwatches the ability to

smaller/more efficient classifier to increase the battery life.

locally store a model on user’s wrist and make inferences in

Limited processing speed forces the model to be small enough

real-time. In this section, we have discussed only recent works

to be stored locally on the watch with limited storage. This

related to the prevention of face touching with smart watches

being said, solving the downfalls of smartwatches can provide

related to the ongoing pandemic of Covid-19.

discrete and convenient alerts of dangerous face touching

A recent work by D’Aurizio et al. [9] displays the ability to

activity decreasing the spread of dangerous viruses like Covid-

detect hand movements reaching up to the face. By detecting

19. Additionally, smartwatches allow the ability to track

this hand movement, they are able to alert the user to a

various kinds of hand movements applicable in a wide range of

possible face touching event. D’Aurizio et al. accomplish this in

applications.

two different methods, using only accelerometer and using
both accelerometer and magnetometer. The study exhibits

In our work, we first highlight the challenges of

better accuracy in alerting the user to a face touching event

implementing human activity recognition models, specifically

when using both magnetometer and accelerometer. Recording

face touch detection models on commercial smartwatches.

a false positive rate of 3.2% compared to 38.1% when solely

Then, we designed the FaceShield Android smartwatch

relying on the accelerometer. While the low false positive rate

application to collect data and detect face touching activities

is impressive, it relies on the user wearing a magnetic necklace

on the watch locally. To test the application, we collected face-

with multiple magnets strung across it. Additionally, requiring

touching and no-face touching data from three participants

the user to wear a magnetic necklace limits the practicality of

and evaluated a random forest model with a train-test-split of

this application in real world environments. It also lacked

80:20, where we used 80% of data for training and 20% of data

analysis on false negatives errors, not alerting users even when

for testing. Using our method, we achieved 94.001% testing

they touch their face, which can be more critical than false

accuracy with minimal false positives and false negatives.

positives in this context. The power consumption of proposed

Further, we explored the battery longevity of the smartwatch

application was also not discussed.

while running the FaceShield application. Finally, we discuss

Another work in this context is published by Manghisi et al.

the missing data that occur in short time gaps during

[10] where they investigate using an image-based detection

continuous data streaming.

system to detect a face touching activity along with
maintaining a safe distance from others. They displayed an

II. RELATED WORKS

overall 90.96% accuracy in classifying face touching activities
Researchers

have

extensively

leveraged

modern

smartwatches in their research due to its pervasiveness and
the availability of several embedded sensors. Some of notable
works include detecting distracted driving [5], fall detection

into two categories: risky and not risky. However, Manghisi et
al. specifically focuses on applying this in a workplace
environment. As such they require a camera to be positioned

on a specific location like a desk, workstation, or spot on a

while using the Samsung Gear S3 wearable. Power

production line. While this approach is not physically hindering

consumption in a task like this is critical for users wearing their

any workers or employees by requiring them to wear anything,

watch on a daily basis.

it does require the person to be constantly monitored and

Another work, by Bai et al. [13], displayed the face touching

could raise questions about privacy at a level that is past their

detection done on a smartwatch. They accomplished best

comfortable limits. It also limits its application due to its

performance in face touching recognition using logistic

stationary installation that only monitors people when they

regression model with a mean F1-score of 0.90. They also

are in front of camera. A smartwatch-based application will

navigated the computationally expensive calculations by

remove this limitation.

allowing users to turn on/off the application in similar fashion

Authors of Michelin et al. [11] proposed a wearable system

as Samsung and Apple workout applications. Also, they used a

to detect the face touching activity. They used a

less computationally expensive model, logistic regression, to

1DConvolutional Neural Network on wristband sensors. They

predict the face-touching activity. These activities can happen

also compared how three different sensory feedback tools,

when the application is turned off by the user which makes it

visual, auditory and vibrotactile, affected response time for

impractical. Finally, they leave room for other energy saving

alerting the user of a face touching motion. It was found that

techniques like short term energy/long term energy (STA/LTA)

vibrotactile had a significantly smaller response time of 427.3

algorithm to restrict the computationally expensive operations

ms compared to the other two methods. Their model was able

to only being done when the significant movement in hands

to accurately predict a face-touching motion with more than

are detected.

92% accuracy. However, their approach used custom designed

Comparing our work with prior relevant literature is difficult

sensors that are not usually available on a commercial

due to many variables between studies such as but not limited

smartwatch. They also did not discuss the effects of running a

to: diversity in the physical activities tested, window sizes,

computationally costly convolutional neural network-based

metrics measured, type of accelerometer, sampling rate of

classifier on a resource-scarce device like smartwatch/

recording

wearable.

postprocessing, sample size, metrics of evaluation and data

devices,

body

positions,

pre-processing,

Sudharsan at al. [12] proposed a solution to the face

collection methods. However, important comparisons and

touching problem by using a smartwatch collecting data from

groundwork can still be made. Overall, we observed in recent

four sensors: accelerometer, gyroscope, pressure, and rotation

works that they fall short in at least one of the following

vector. Their highest scoring approach, a single class

categories - discussion of false negatives, analysis of energy

classification model, achieved a 0.93 F1-score only using one

efficiencies and battery longevity, real life implementations,

of the sensors, the accelerometer. While using a combination

efficient fast inferring models and overall size and flexibility of

of sensors to train a convolutional neural network, the most

the dataset. Recent works also do not discuss the challenges of

success came out of using accelerometer and gyroscope.

using a commercial off-the-self smartwatch in this application.

However, their data was only collected from three people and

They focus heavily on the accuracy of their approach and not

added one additional person for testing. Because of the small

the difficulties of making the solution practical. In this current

sample size further analysis of the method would be necessary.

work, we have filled these gaps by discussing the problems of

Also, they did not specify information on power consumption

using

a

commercially

available

smartwatch

including

describing the battery constraints, limited processing
capability, limited storage and the energy accuracy trade off.

Implementing a face touching application on the commercial
presents

numerous

A. Wearable Device
In this experiment, Fossil Carlyle HR commonly referred as

III. CHALLENGES

smartwatch

IV. METHODS

challenges.

First,

commercially available smartwatches have major resource
limitations. Consumer smartwatches do not possess large
amounts of storage. On average smartwatches have 4 GB of
storage shared across all the applications. Also, they have little
RAM, often only 1−2 GB that limits the number of applications
that can run in parallel. Additionally, their processors are not
able to handle complex machine learning (ML) models without
depleting the battery rapidly. To accommodate these resource
limitations, applications must leverage small and efficient
models to work efficiently on the smartwatch platform.
Although smartwatches are improving, they are still far from
another mobile platform like smartphones.
The limited resources force the machine learning algorithm
to be small in size and efficient in execution this creates a
sacrifice in terms of accuracy. Balancing a fine line between
model complexity and accuracy to improve battery life is quite
difficult. The ML model is required to limit the number of false
negatives and false positives and at the same time be fast

the Fossil Gen 5, is used for the experiment and data collection.
Data from the watch is collected in various scenarios while
worn on the subject’s wrist. The Fossil Gen 5 is one of most
advanced smart watch released in 2019. It offers a compelling
platform to develop consumer-oriented applications aimed for
mass release. Fossil Gen 5 is equipped with 1 GB ram, 8 GB of
local storage (accessible to the user), a Qualcomm Snapdragon
Wear 3100 processor, 310 mAh battery and a wide variety of
sensors on board including: accelerometer, gyroscope, heart
rate and many more [14]. The accelerometer and gyroscope
sensors are capable of 50 Hz of sampling rate. It also has
Bluetooth 4.2 low energy for an efficient connection to a
smartphone for streaming data if needed. Sufficient RAM and
a powerful processor are critical when running machine
learning models locally on the users wrist. However, it is still
important to design application with efficient battery
consumption and use preservation techniques. Although the
watch allows 80% charge in just 60 minutes it is important to
make a battery efficient program when using battery
expensive sensors such as the accelerometer and gyroscope.

enough to make real-time inferences, on a limited processor,
and alert the user before they make contact with their face. All
the while keeping battery usage low.
Another challenge is the nature of the face reaching motion.
There is virtually an infinite number of real-life scenarios where
one can reach to their face. There is also an infinite number of
ways the one can move their hand when not reaching for their
face. The variety and unique motions make it hard to find a
common pattern among all potential movements to detect
face touching motion with low false positives of other similar
hand movements. It is impossible to collect enough diverse
data to model these movements. To fix these challenges, we
present our application and methods in next section.

Fig. 1. Application workflow diagram.

B. Dataset Collection

orientation are logged to the session’s csv file. The

Since, the accuracy was not the primary focus of this study,

accelerometer provides the acceleration force that is applied

we collected thousands of sample data from three participants

to the device on all three physical axes (x, y and z) expressed in

performing four positive and four negative tasks. Positive tasks

m/s2. The gyroscope provides measurements of the rotational

were defined as tasks in which the participant reached up and

speed around the three physical axes (x, y and z) expressed in

made contact with the face. These tasks included touching

rad/s. The orientation of the watch shows the angle of rotation

nose, mouth, right eye, and left eye. Each positive task was

around the -z, x and y axis. Additionally, you could select if the

performed while sitting, standing, and walking each action was

data recorded should be tagged positive as ”1” or negative as

performed 12-16 times in each stance. Negative tasks

”0” when logged to the csv file. This combined with the toggle

consisted of movements where the participant did not make

feature allows us to easily collect data with negative or positive

contact with the face. These tasks included scratching the back

tags necessary for training the Random Forest Classifier.

of head, picking up an item off the floor, grabbing an item off
a shelf above the head, and playing with Rubik’s cube. Each of
the negative tasks, excluding playing with Rubik’s cube, were
performed 12-16 times in each stance: sitting, standing, and
walking. Playing with Rubik’s cube was only done sitting and
was performed for one minute. All tasks were performed as
naturally as possible. For example, sitting allowed the
participant to fidget with hands, rest in pockets and move
hands around as they normally would.
No-face touching

Face touching

Scratching back of head

Touching mouth

Picking item off floor

Touching left eye

Grabbing item off shelf

Touching right eye

Playing with Rubik’s cube

Touching nose

Fig. 2. Two screenshots of our smartwatch application running on Fossil Gen
5.

Post data collection we trimmed that positive data collected
by taking a one second window centered around the peak of
the individual face touching movement. This allowed us to only

TABLE I

capture the movement up to the face. Once the hand is at the

LIST OF NO-FACE TOUCHING AND FACE TOUCHING ACTIVITIES

face the rotational speed would zero out, indicating the end of
the movement. See figure 3, this shows the desired data inside

The application we created for the Gen 5 watch has a data

the black box and the discarded data outside of it. The post

collection feature built into it. The user double clicks the

data collection trimming was applied to all positive face

bottom physical button to enable recording, see figure 1. A

touching movements (nose, mouth and both eyes).

second double click will disable recording. This can then be
repeated to conveniently to enable and disable recording for
back-to-back recording sessions. When recording is enabled
the Fossil Gen 5 locally creates a comma separated values
(.csv) file to store the session’s sensor data. Information logged
from the accelerometer as well as the gyroscope and watch

C. Filters & Random Forest Classifier
As seen in figure 1, the streaming sensor data is passed
through filter before going to the Random Forest Classifier.
These filters enforce minimum and/or maximum values for
specific sensor data that is characteristic of a face-touching
movement. For example, minimum or maximum angle of the

watch around the x and y axis or gyroscope acceleration in the

to tune to optimize the performance. Some hyper parameters

y and z axis. These limits allow us to minimize the amount data

are the minimum number of samples required for a leaf,

that gets passed to the model for inference. This is important

maximum number of nodes, maximum depth, maximum

because of the infinitely complex and diverse wrist movements

features and more. To find the optimal hyper parameters

that can be made. Having filters that ensure the movement is

efficiently we used randomized search technique to test

similar to the features detected in confirmed

combinations of these parameters.
In this work, we trained a Random Forest algorithm to
classify between the positive, face-touching activities, and
negative, non-face-touching activities. First, we divided the
dataset into training and testing portions. Where the training
portion is 80% of the dataset and the remaining 20% is used
for evaluation of the algorithm. Then randomized search is

Fig. 3. Example post data collection trimming. The portion inside of the black
box indicates the desired face-touching data. Any data outside the box is
trimmed.

applied for finding the most optimal set of parameters
resulting in the highest performance score. The optimal
parameters found were number of trees in forest = 157,
maximum depth of tree = 13, minimum samples to split a node
= 4, minimum samples per leaf = 6 and max number of leaf
nodes = 100. Additionally, we visualized the feature

face-touching movements significantly reduce the likelihood of

importance to evaluate the contribution of each of our

false positives and increase accuracy. However, these filters

features. See table II for hyperparameter settings.

are still broad enough to capture the diverse number of ways

Hyperparameter

Value

the user can touch the face. Additionally, these filters serve

Number of trees in forest

157

another purpose, gate keeping, to save battery life by limiting

Maximum depth of tree

13

Minimum samples to split a node

4

Minimum samples per leaf

6

Max number of leaf nodes

100

the amount of computationally expensive predictions must be
made by the classifier.
Random Forest (RF) is one of simplest yet most powerful
machine learning algorithms. It’s efficient ensemble learning
algorithm puts less stress on the wearable’s limited battery
and computational strength. It combines several randomized
decision trees in order to make a forest of trees. It is also
flexible enough be applied in both classification and regression
applications. For these reasons RF is widely used in the
research community as well as for real-world applications and
it fits well within our problem scope. Because it is a
combination of decision tress, it has a set of hyper parameters

TABLE II
TUNED HYPERPARAMETERS FOR RANDOM FOREST USING RANDOMIZED SEARCH.

V. RESULTS
A. Sensor Setting and Battery Longevity Test

Fig. 4. This chart shows the duration of five longevity tests.

While conducting longevity tests we also were able to

Navigating the battery constraints of the Fossil Gen 5 was

analyze the millisecond gaps between readings by logging the

very challenging. Deploying a machine learning model, no

time when writing sensor data to the csv file. This allowed us

matter how small or efficient is taxing on the limited resources

to analyze the sampling rate of the sensors on the watch by

of a commercially available smart watch. It is very important to

looking at how many milliseconds passed between readings.

optimize and ensure the application runs as efficiently as

This is important because the internal scheduler only allows a

possible so that it can last as long as possible while worn on the

suggestion of the recording hertz and ultimately manages the

user’s wrist. While developing our solution we ran five

actual hertz of the sensors. See figure V-A, where we compare

longevity tests to benchmark our application. Longevity tests

millisecond gaps between readings of ’Game’ and ’Normal’

consisted of wearing the watch while doing daily activities until

settings for sensor speed. We were able to analyze the

the watch battery depleted. See figure 4, that shows the hours

consistency of the hertz by looking at the how long the

lasted when running the tests. Test 1 and 2 included heart rate

millisecond gaps lasted and how many of them occurred in

sensors in addition to accelerometer and gyroscope. With

each range. We tested two situations sitting on desk and worn

these we were able to obtain about 3.5 hours before the

by user. In both circumstances the application lasted five hours

battery depleted. In test 3, We excluded the heart rate sensor

with their respective hertz rates. It also shows the number of

and was almost able to achieve 4 hours of battery time.

times the millisecond gap became inconsistent and how long it

However, with test 4 and 5, we restricted the smartwatch by

took to record another reading. see figure 6.

not allowing Bluetooth connectivity and enabling the airplane
mode. With this we were able to achieve almost 5 hours of
battery life. While this is better, there is still a lot of room for
improvement. During all tests it is of note that the application
created and was continuously writing to the csv file logging the
time and accelerometer and gyroscope sensors. This allowed
monitoring of the hertz rate of sensors through battery levels.

touching records and 33,278 non-face-touching records). The

160
140

Game

training dataset was used to train our classifier and the test
was used to evaluate the accuracy of the model. The accuracy

MillisecondGap

120

of the testing dataset was 94.001%.

100

While we achieved an impressive result on the testing data

80

it still transfers to real world data scenarios well. The model

60

produces near zero false negatives, providing the user is

40

naturally reaching for their face and not actively trying to fool

20
0

0

the system. With the implementation of the filters the number
10

20

30

Time

of false positives are significantly reduced. The scenarios the
application struggles with the most are the movements that
are a subset of the face-touching. Such as grabbing phone off

Fig. 5. This figure compares ’Normal’ and ’Game’ sensor speed settings

desk and moving to chest height to use it. This movement is

millisecond gap between sensor readings.

very similar to the beginning of reaching to touch face and
causes false positives. Although there are some false positives
in this application a false negative (not vibrating when user
touches face) are much more dangerous as the user is not
alerted of their movement and they potentially spread
dangerous viruses to a critical area like the face.
VI. CONCLUSION
In this paper, we described a smartwatch approach in
detecting face-touching movements and providing immediate
vibration feedback before contact is made. We also discussed

Count of observed time gaps of length t in two tests using both
accelerometer and gyroscope. The smartwatch was kept idle on a surface in

numerous challenges of implementing a machine learning

test-1, and a participant wore the smartwatch in test-2. Sampling rates for

model on a commercially available smartwatch. Overall our

accelerometer and gyroscope for test-1 and test-2 was 47.01 Hz and 48.05 Hz,

approach lays ground work for future use of smartwatches in

respectively.

detecting human movement across various different behaviors
in many different applications like nail biting and food

B. Model Accuracy

consumption.

Our random forest classifier was trained using the optimal

In future, we would like to gather more data by increasing

hyperparameters found from randomized search described in

the number of participants. Increasing the data to also include

Random Forest section. We then divided the collected 187,615

more difficult tasks like reaching to scratch back of head. We

records into 80% train and 20% test split. This resulted in

want the system to become good enough to detect difference

150,092 records in the train dataset (37,523 positive face

of a dangerous face-touching activity and a very similar non

touching records and 112,569 non-face-touching records). The

dangerous activity such as scratching top of head. We would

test split consisted of 37,523 records (4,245 positive face

also like to further optimize the battery usage of the

application by detecting if the watch is idle or slightly moving

[10] Vito M Manghisi, Michele Fiorentino, Antonio Boccaccio, Michele

by employing a short-term energy / long term energy filter and

Gattullo, Giuseppe L Cascella, Nicola Toschi, Antonio Pietroiusti, and

only performing expensive computations while significant
movement is detected extending the battery life. Additionally,

Antonio E Uva. A body tracking-based low-cost solution for monitoring
workers’ hygiene best practices during pandemics. Sensors,
20(21):6149, 2020.

we would like to improve battery life by exploring a solution

[11] Allan Michael Michelin, Georgios Korres, Sara Ba’ara, Hadi Assadi,

that turns sensors off when not in use. Lastly, we would like to

Haneen Alsuradi, Rony R. Sayegh, Antonis Argyros, and Mohamad Eid.

explore how other sensors, calculations or features such as
predicting based off three second windows versus each sensor
reading could be used to increase accuracy.

FaceGuard: A wearable system to avoid face touching. Frontiers in
Robotics and AI, 8:47, 2021.
[12] Bharath Sudharsan, Dineshkumar Sundaram, John G. Breslin, and
Muhammad Intizar Ali. Avoid touching your face: A hand-to-face 3D
motion dataset (COVID-away) and trained models for smartwatches. In
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Introduction
The ongoing global pandemic caused by novel Covid-19 virus
has infected 248 million and killed 5 million people so far
worldwide. The scarcity of vaccines in different parts of the
world has forced people to follow safety and precautionary
measures. Even where the vaccines are widely available, a
significant number of breakthrough cases have been reported
recently. Touching the face with an infected hand is one of the
leading causes of spreading the virus. Since face touching is a
compulsive behavior, it is hard to prevent it without a constant
reminder. In this work, we present FaceShield, application
deployed on a commercial off-the-shelf smartwatch to alert the
user to prevent them from touching their face. We discuss the
challenges and their solutions related to limited resources, high
variance in face touching activities, battery longevity and
accuracy while deploying a Random Forest model on a
commercial smartwatch to detect the activity in real-time. We
have shown that FaceShield is a practical application that can be
installed and used on a resource-limited device like smartwatch
to accurately detect the face touching motion.

Data Preparation
• Data collected from three participants is stored in a csv
• Each task in a positive session is passed through a python script that
detects the face touching motion.
• A 0.8 second window centered around the local minimum is extracted
for building the training dataset. Figure 3 illustrates the extraction
process.

Results

Figure 7 – Workflow diagram is presented for FaceShield outlining sensors,
filters and model prediction.

Figure 10 – Length of time gaps in test 1 and test 2.

Figure 3 – Sensor data from gyroscope during face touching cycle motion.
The data inside the black box is the desired face touching motion. The
second grouping is the movement back down to starting position.

Figure 11 – Confusion matrix (top left) shows accuracy of training
dataset. Top right shows accuracy on three participants plus one
participant not included in training data. Bottom left shows single
person included in dataset. Bottom right shows leave one out
performance.

Methods
• In this experiment, Fossil Carlyle HR commonly referred as
the Fossil Gen 5, is used for the experiment and data
collection.
• We developed our own application on the watch to do data
collection. Users wear the watch, activate recording, select
negative/positive task and begin recording data. Data from
sensors and recording settings are all stored directly on the
watch in the form of a comma separated values (.csv) file.

.

Model Information

Figure 8 – Sensor frequency settings ‘Normal’ and ’Game’ millisecond gap
shown, 20 m/s gap = 50 hertz, ~5 m/s gap = 200 hertz, 140 m/s gap = 7.14.
hertz.

• Train test split 80:20
• 150,092 records in train (37,523 positive face touching records and
112,569 non face touching records).
• 37,523 records in test (4,245 positive face touching records and
33,278 non face touching records).
• We used random search to find optimal hyper parameters for the model.
• The accuracy of the testing dataset was 94.001%.
Figure 4 – Recent work by Roy et al. shows some popular classifiers used
on medical grade smartwatch application.

Figure 9 – Test 1& 2: heart rate, accelerometer, and gyroscope. Test 3:
accelerometer and gyroscope. Test 4: Bluetooth, airplane mode,
accelerometer and gyroscope. Test 6 & 7: Orientation and filters added.

Figure 1 – Face touching and non-face touching activities
Non-face touching
Face touching
Scratching back of head
Touching mouth
Picking up item off floor
Touching nose
Grabbing item off shelf
Touching right eye
Playing with Rubik’s cube
Touching left eye
Figure 2 – Our application (left) and our application in recording
mode (right). Positive/negative toggle and optional ringtone
mode shown.

Figure 5 - Optimal hyperparameters found for model using grid search.
Hyperparameter
Value
Number of trees in forest
157
Maximum depth of tree
13
Minimum samples to split a node
4
Minimum samples per leaf
6
Max number of leaf nodes
100
Figure 6 – The random forest decision tree illustration is shown.

Conclusions
•

The FaceShield application, developed on a commercially
available smartwatch can accurately detect and alert users of
face touching motion.
• This approach allows unobtrusive monitoring of hand
movements without the need for special equipment by using a
both efficient and effective random forest model deployed on
a commercial smartwatch.
• This project establishes a foundation for future work
developing wrist worn applications for human activity
recognition with commercially available smartwatches.
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